Introduction
Wine is one of the most popular beverages throughout the world. In recent years, with the globalization of viticulture and wine trade, vineyard growth has gradually increased in emergent viticultural countries. According to the data of 2013 form the International Organization of the Vine and Wine (OIV), wine production in China reached a high level to 2.1 Mhl [1] . Tremendous wealth is generated in wine sector, and the requirements of consumers to wine quality, security, and style diversification has also been more and more strict at the same time. How to improve the wine quality and enrich the diversification of the wine market has become an emergency issue [2] . The quality of the wines is determined by grape varieties, grape growing conditions, vintage, and the wine-making techniques. However, wine fraud such as adulteration and lack of authentication is constantly interfering the wine market. Hence, a robust analytical method in the verification of the wine authenticity and adulteration is necessary.
Recently the most popular and advanced method is metabolomics technology based on nuclear magnetic resonance spectroscopy. This method has great advantages of information analysis and structure determination, which can assess the entire process of fruit growing and wine making from a more direct perspective [3, 4] . In previous reports, Son et al. confirmed the applicability of metabolomics based on NMR and multivariate statistical data sets in determining the grape varietals and production areas [5] . López et al. used nuclear magnetic resonance (NMR) technique to analyze the metabolites of wine samples from nine wineries in the same producing area [6] . It was found that NMR technology could accurately distinguish the wines from different wineries which were geographically very close, and isopentanol and isobutanol compounds were the key biomarkers for this discrimination. Godelmann et al. investigated a total of about 600 samples of wines produced in Germany and the results indicated that the grape variety, the geographical origin, and the year of vintage of wines could be predicated 89% correctly on average by 1 H NMR spectroscopy combined with multivariate statistical analysis [7] . Licia et al. also identified the authenticity of the typical Italian Denominazione di origine controllata (DOC) wines by the same method [8] . At present, metabolomics technology based on nuclear magnetic resonance spectroscopy ( 1 H NMR) has entered a new stage and each NMR spectrum and could be regarded as the individual "fingerprint" of a wine sample, containing the information of variety, origin, vintage, physiological state, technological treatment, fermentation and other environmental factors, such as climate, soil composition and humidity, light and rainfall [9] [10] [11] [12] .
In emergent viticultural countries, the annual consumption of wine is very high, and most of their qualities are quite uneven, and wine fraud is also commonly seen in recent years. The widespread market of the corresponding wines deserves deeper studies on the traceability and authenticity of the wines [13] . The application of NMR-based metabolomics with multivariate statistical data sets in verification of the wine authenticity and adulteration should be expanded. In addition, it is necessary to establish "Fingerprints" library of wine in the main production areas in China. As two of the most popular and widely grown grapes in China, Cabernet Sauvignon and Shiraz from Linfen of Shanxi province was chosen in this research. Their characteristic metabolites were analyzed by NMR technique, and the biomarkers for the differentiation were identified by the pattern recognition analysis. This research provides a benchmark for further comparative study on the wine quality and the verification of the wine authenticity.
Methodology

Sampling
Cabernet Sauvignon and Shiraz grapes were grown in the Linfen area of Shanxi Province. The climate was warm and the accumulated temperature above 10°C was 4101 to 4600°C·d. Heat in this producing area was sufficient and the annual rainfall is 550-600mm, with the hydrothermal coefficient less than 1.5. The frost-free period was 180-220 days and the temperature difference between day and night was 12-20°C, which was suitable for grapes to grow and accumulate sugar. The mean content of soil available phosphorus, potassium and alkali-hydrolyzed nitrogen at 0-20 cm soil depths were 14.15, 141.80 and 63.29 mg/kg, respectively.
Single varieties of wines were all brewed in 2016 by a standard process using the following techniques: De-stemmed and crushed the fruits, and then added the yeast to ferment at 25°C for 8-10 days, followed by pressing the pomace gently. The wine was separated and tank-switched, and then it was sampled for pretreatment. Physical and chemical indicators of the wine samples were all in line with the standards of the International Organisation of Vine and Wine [14] . All samples were stored at -4°C.
Reagents and Apparatus
Oxalic acid, sodium oxalate (Shanghai Suyi Chemical Reagent Co., Ltd., China), heavy water (D 2 O, deuterium content > 99.9%; Qingdao Tenglong Microwave Technology Co., Ltd., China), 4,4-dimethyl-4-silapentane-1-sulfonic acid (DSS).
Nuclear Magnetic Resonance Spectrometer (AVANCE600, Bruker Co., Ltd., German); Ultra-low Temperature Freezer (ULT178-6-V49, Revco Co., Ltd., USA); Vacuum Freeze Dryer (SNL315SV-230, Thermo Co., Ltd., USA); Micro Vortex Mixer (WH-3, Shanghai Huxi Analytical Instrument Co., Ltd., China); Desktop High-speed Centrifuge (TG16A-WS, Luxiangyi Centrifuge Instrument Co., Ltd., China);
1 H NMR Spectroscopic Analysis
Sample Pretreatment
10 mL of wine samples were taken and then centrifuged at the speed of 3000 rpm for 20 min at -4°C. After the centrifugation, 3 mL of the supernatant was transferred and pre-frozen at -80°C overnight. After 48 h of freezedrying, 400 μL of oxalate buffer (pH 4), 140 μL of D 2 O and 60 μL of 0.5% DSS were added, and the mixture was centrifuged at 13,000 rpm for 20 min. At last, 500 μL of the supernatant was loaded into a 5 mm nuclear tube for NMR analysis. Each sample was tested 8 times.
NMR Data Collection
The 1 H NMR spectra of the wine samples were collected from the AVANCE 600 nuclear magnetic resonance spectrometer. NMR analysis was carried out at a constant temperature of 298 K, and an H, C-sensitive cryogenic probe was used. The proton frequency and spectral width was 600.23 MHz and 7183.9 Hz, respectively. The number of sampling points was 32 K. The relaxation delay was set to 2 s and the sampling time was set to 2.3 s. For the mixing time, 100 ms was chosen. The linewidth enhancement factor was 0.3 Hz. The Noesygpprld sequence was used to suppress the water peak signal, and the number of scans was set at 256 times.
Multivariate Statistical Analysis
1. The chemical shift interval between 0-10.0 ppm in the nuclear magnetic resonance spectrum was integrated at the section of 0.005 ppm using Software AMIX. The residual ethanol peaks of 1.18-1.22 ppm and 3.57-3.72 ppm, residual DSS peaks of -0.5-0.5 ppm, 1.74-1.84 ppm and 2.90-2.95 ppm, and residual water peaks of 4.8-4.96 ppm were all removed. 2. The data were normalized and then introduced into Software SIMCA-P12.0 for pattern recognition analysis. Principal components analysis (PCA) was performed to visualize the acquired data, reduce the dimension of the high-dimensional data, remove the signal noise, and observe the discrete trend between samples. 3. To create a more reasonable regression model, partial least squares discriminant analysis (PLS-DA) was performed to sharpen the separation between observations groups. A maximum separation among classes could be obtained by rotating PCA components. In addition, PLS-DA is also helpful to understand which component carries the class separating information. 4. An external model validation experiment was carried to verify the degree of fitting of PLS-DA.
Metabolite content was obtained by calculating the ratio of the peak area of the protons on a given group of the substance to be measured, to that of the internal standard DSS in the one-dimensional 1 H-NMR spectrum [15] . The mass concentration u (g /L) of metabolites was calculated as follows:
Note: A S is the integral area of the selected signal for the tested sample; A R is the integral area of the selected signal for the internal standard DSS; n s is the number of protons contained in the tested sample by the integral signal; n R is the number of protons contained in the internal standard DSS by the integral signal; M S is the relative molecular mass of the tested sample; M R is the relative molecular mass of the internal standard DSS; m R is the mass of the internal standard DSS.
Ethical approval: The conducted research is not related to either human or animals use.
Result and Discussion
Pattern Recognition of Cabernet Sauvignon and Shiraz Dry Red Wine from the Same Producing Area
As illustrated from the 1 H NMR spectrum of Cabernet Sauvignon and Shiraz (Figure 1 ), the sensitivity of the proposed method was good and the signal of the major metabolites of Cabernet Sauvignon and Shiraz red wine could be well separated and recognized. Combining relevant literature [16] [17] [18] [19] and the NMR spectra obtained in this experiment, the associated chemical shift of the main metabolites was present in Table 1 .
The number of peaks a signal has was classified: s (singlet), d (doublet), t (triplet), q (quartet), m (multiplet) and dd (doublet of doubles).
At present, NMR fingerprinting technique combined with pattern recognition analysis has been widely used in many fields [20] [21] [22] . NMR data of the dry red wine samples were imported into SIMCA P-12.0 software for principal component analysis. PCA scores plot derived from the 1 H NMR spectra of Cabernet Sauvignon and Shiraz dry red wines was illustrated in Figure 2 . As seen from the score plot, there was an obvious distinction between Cabernet Sauvignon and Shiraz dry red wine, revealing the significant difference of the metabolites from these two wines. The cumulative contribution rate, R 2 X = 0.99, and Q 2 = 0.967, indicating that the established PCA model was of good quality.
After the orthogonality correction, the PLS-DA model was established and the PLS-DA scores plot was shown in Figure 3 . The cumulative contribution rate R 2 X = 0.592, R 2 Y = 0.754 and Q 2 = 0.711. All three values were greater than 0.5, indicating that the model is valid. As seen from the PLS-DA scores plot, the distinction between Cabernet Sauvignon and Shiraz dry red wines was more obvious than that in PCA scores plot.
A permutation test was used to verify the fitting degree of PLS-DA model, mainly evaluated by the slope of the regression line and the intercept of the regression line with the vertical axis. When the slope of the regression line was greater and the intercept was smaller, it indicated that there were more data to interpret the model and the predictive ability of the model was better [23] . Besides, it could also be evaluated by comparing the difference between R 2 and Q 2 . The smaller the difference between the two values was, the smaller the difference between the data explained by the model and the predicted data was, indicating that the predictive ability of the model was excellent [24] . As seen from the validation plots of the permutation test in PLS-DA model (Figure 4) , the values of R 2 and Q 2 did not exceed the quality parameter of the actual model in any arrangement, once again demonstrating that the model was reliable and predictive.
Metabolites analysis in Cabernet Sauvignon and Shiraz red wines
Major metabolites that made difference could be obtained from the PLD-DA loading plot. In the modeling process, values unrelated to the classification would be filtered out by orthogonal signal correction (OSC) [25] .
PLS-DA loading plot of Cabernet Sauvignon and Shiraz dry red wines vinified at Shanxi in 2016 was shown in Figure 5 . The higher peak in the loading plot indicated that content of the corresponding metabolite was higher in dry red wine, and the lower one indicated that content of the corresponding metabolite was lower. As seen from the loading plot, compared with Shiraz red wine vinified in Shanxi, Cabernet Sauvignon contained higher levels of proline, valine, tartaric acid, citric acid, malic acid, gallic acid, β-glucose and ethyl acetate, while content of 2,3-butanediol, lactic acid, choline, glycerin, α-Dglucuronic acid, succinic acid and alanine was lower. In Shiraz dry red wine, content of 2, 3-butanediol, choline, glycerol, succinic acid, lactic acid, alanine content was relatively higher whereas proline, tartaric acid and gallic acid was in lower levels. The main contributors to the differences were proline, tartaric acid, glycerin, lactic acid, choline, succinic acid and gallic acid.
The main metabolites of Cabernet Sauvignon and Shiraz were quantitatively analyzed and the result was as shown in Figure 6 . Significant difference between the main metabolites content was observed, consistent with the result obtained from PLS-DA loading plot.
Proline was the main amino acid in wines [26] , and it was also the amino acid with the largest difference in content between the two samples. Proline has both, sweetness and bitterness, and is a complex amino acid. The content of proline had a direct impact on the depth and complexity of wine taste and flavor. Since proline in wines was not consumed by fermentation and maturation, the difference in the content of proline here is mainly attributed to the different wine varietals. For tartaric acid, it is a non-volatile acid, which could impart a dark red color to the wine. Its degree of enrichment in wines often depends on the grape varieties and the soil of the vineyard. For malic acid and lactic acid, the content of both does not simply depend on the type of grape. Unlike tartaric acid, in the process of grape maturation, malic acid is consumed by respiration, resulting in the decrease in acidity. In addition, malic acid will be further converted to softer lactic acid during the lactic fermentation of wine brewing [27] . According to the PLS-DA loading plot, we know that the content of citric acid in Cabernet Sauvignon is significantly higher than that in Shiraz, but the content of lactic acid is lower. It may be attributed to the difference in grape varieties, or the degree of fermentation. Compared to Cabernet Sauvignon, Shiraz dry red wine contained a higher level of succinic acid and glycerol. Succinic acid is a by-product of yeast nitrogen metabolism during wine fermentation which has a mild fruity flavor, while glycerin is non-volatile and unscented, it does not influence the aroma of wine, but its sweetness and stickiness will also lead to the difference of sweetness and wine body thickness between Cabernet Sauvignon and Shiraz dry red wines.
Conclusion
In this study samples of Cabernet Sauvignon and Shiraz red wines vinified at Shanxi in 2016 were analyzed by 1 H NMR, and the results showed that there was a notable difference between the metabolites of Cabernet Sauvignon and Shiraz. NMR technique combined with pattern recognition could excellently distinguish the two wines from each other, and the model established in this experiment was reliable, accurate and predictive.
The results provide a benchmark for further comparative study on the wine quality and the verification of the wine authenticity. The key contributors to the difference identified in this study may also be used to establish a quality evaluation system specifically for Cabernet Sauvignon and Shiraz dry red wines in China.
